Comparative effectiveness research (CER) provides actionable information for health care decision-making. Randomized clinical trials cannot provide the patients, time horizons, or practice settings needed for all required CER. The need for comparative assessments and the infeasibility of conducting randomized clinical trials in all relevant areas is leading researchers and policy makers to non-randomized, retrospective CER. Such studies are possible when rich data exist on large populations receiving alternative therapies that are used as-if interchangeably in clinical practice. This setting we call "empirical equipoise." Objectives: This study sought to provide a method for the systematic identification of settings it in which it is empirical equipoise that offers promised non-randomized CER. Methods: We used a standardizing transformation of the propensity score called "preference" to assess pairs of common treatments for uncomplicated community-acquired pneumonia and new-onset heart failure in a population of low-income elderly people in Pennsylvania, for whom we had access to de-identified insurance records. Treatment pairs were considered suitable for CER if at least half of the dispensings of each treatment-pair member fell within a preference range of 30% to 70%. Results: Among 3889 community-acquired pneumonia patients, insurance claims histories were sufficiently similar in seven drug pairs to suggest that observational CER might be effective. Relapse appears to have been less common in levofloxacin recipients than in similar patients given other products. In 6035 heart failure patients, metoprolol, carvedilol, and atenolol were employed in patients with similar claims histories, and thus might be suitable for observational CER. The long-acting succinate formulation of metoprolol had lower failure rates in head-to-head comparisons with all other beta-blockers. Both findings are candidates for further investigation. Confounding by unmeasured factors operating in the same manner as the measured covariates would not have produced the apparent superiority of levofloxacin, which was given to people in poorer respiratory health. The baseline covariate distributions of persons starting beta-blockers suggest only that carvedilol recipients were healthier than others. Conclusion: A straightforward algorithm can identify empirical equipoise, in which prescribers as a group seem evenly divided on the merits of alternative therapies. This is the setting in which CER may be most necessary and is likely to be most accurate. The imbalances identified by propensity models can identify situations in which the results of screening analyses may be biased in the direction of the observed effect.
treatments in common use might well have very different outcomes and for which there was little direct information. Perusal of these priority areas suggests that many of these will require a substantial and sophisticated research effort.
We present here an empirical method for identifying possible areas for CER needs. This method might be called the "low-hanging fruit algorithm" because it involves systematically looking for treatment alternatives for which the physician community appears to make very little distinction between which patients receive one treatment and which patients receive the other. This results in largely comparable treatment populations, which in turn can be compared for the occurrence of outcomes of all kinds, with only modest requirements for covariate control.
For example, clinical indifference might arise when: there is a lack of evidence to differentiate two products, there is positive evidence of equivalence, there is an expectation of equivalence because of common pharmacology or membership in a therapeutic class, guidelines give equal weight to therapeutic alternatives, or the net effect of promotion and accessible scientific data has been to leave prescribers without a clear preferred treatment option. The manifestation of clinical indifference in patient data will be that no patient medical or demographic characteristics distinguish recipients of one therapy from those of another. We would like to use the term "empirical equipoise" to identify a setting of strong, observed similarity in the kinds of patients receiving two regimens.
"Equipoise" refers to a balance of opinion in the treating community about what really might be the best treatment for a given class of patients. The existence of equipoise can make a randomized trial ethically justifiable even when no single researcher or clinician is personally in doubt about which might be the best course of treatment; that is, a treating professional can think: "Seeing that others who are equally informed disagree with me, I recognize that we as a treatment community are in a state of equipoise." Empirical equipoise differs from true equipoise in that the balance of prescribers' actions is taken as the measure of preference rather than their opinions.
Under empirical equipoise, individual physicians may have preferences for treatments for particular patients, but the preferences tend to balance out across providers. Not knowing the opinions of prescribers, we cannot say whether there is true equipoise, but we can observe that the prescriber community appears to be acting as if there were equipoise. Empirical equipoise is the practice condition in which comparative observational studies can be pursued with a diminished concern for the "confounding by indication" that plagues non-randomized studies of treatment effect.
The very large bodies of information on medical care and outcomes in governmental and private insurance schemes offer an avenue for prioritizing topics for CER. We can, at least for those settings, identify alternative therapies for which there is empirical equipoise and for which observational, retrospective CER might be most feasible.
Methods

A prioritization tool
We propose the following algorithm. 
Preference score
To quantify the degree of overlap in physician choice between two drugs, we employed a propensity score whose components could be identified by an algorithm. There were two motivations for an algorithmic rather than expert-derived score; we wished to: (1) mimic a screening project in which a data source could be reviewed for a large number of possible treatment-pair candidates for CER and (2) take advantage of the rich predictor data and a large number of observations.
The propensity scores for persons receiving Treatment A versus those receiving Treatment B are the fitted values of the logistic regression derived in comparing persons receiving Treatment A to those receiving B. The components of the propensity score for the screening exercise described here were indicator variables for age in decades on index date (see later in this paper for case-specific definitions of the index date); sex; three-digit International Classification of Diseases, 9th Revision -Clinical Modification (ICD-9) 2 codes appearing as a principal hospital diagnosis in the periods 1-7 and 8-270 days before the index date (retained if found in at least 2% of the population); three-digit ICD-9 codes appearing in association with a physician outpatient visit in the periods 1-7 and 8-270 days before the index date (retained if found in at least 2% of the population); and the following general indicators of health in the 270 days before the index date: number of drugs used (at distinct generic entity level), 3 number of physician visits, indicator (Y/N) for hospitalization, indicator (Y/N) for nursing home admission, and Charlson comorbidity score. 4, 5 We derived a transformation of the propensity score that would be more interpretable as a measure of the preference for one drug or another associated with patient demographic and health characteristics. This preference score was obtained by subtracting the natural logarithm of Treatment A prevalence divided by Treatment B prevalence from the logit of the propensity score, and taking the anti-logit (expit) of the result. In the resulting equation (Equation 1), in the universe of persons receiving either Treatment A or B, F and S are the preference score and propensity score for receiving Treatment A, respectively, and P is the fraction of persons receiving Treatment A:
To confirm this works in an extreme case, imagine that no patient predictors differentiate use of Treatment A from use of Treatment B, and that the ratio of prevalence of Treatment A to Treatment B is 1/9 (ie, Treatment A has a 10% share of the treatments that are either A or B). All the coefficients of the propensity score would be zero and all subjects would have a propensity score of 0.10. The intercept of the regression equation would be ln[0.1/(1-0.1)] = −2.20. The procedure for deriving a preference score would subtract ln(1/9) = −2.20 from the logit of the propensity score of each subject, making each logit preference score zero. A zero logit preference corresponds to a 50% preference, since logit(0.5) = 0. Everybody would correctly get a preference score of 0.50 because nobody would possess a characteristic that made treatment with A more or less likely than use of Treatment A overall.
Case study 1: community-acquired pneumonia (CAP)
The Infectious Disease Society of North America guidelines identify persons without chronic disease predisposing to drug-resistant Streptococcus pneumoniae infection and without recent antibiotic therapy as a population for whom optimal treatment of CAP involves a relatively small number of options. 6 This screening exercise aims to identify all commonly used treatments in this setting and to compare them for preliminary evidence of disparities in outcome.
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Methods
Study subjects PACE recipients were included in this analysis if they had all three of the following findings in their insurance files:
• an outpatient physician visit bearing ICD-9 codes 482. 9 (bacterial pneumonia unspecified), 485 (bronchopneumonia, organism unspecified), or 486 (pneumonia, organism unspecified) following at least 270 days of uninterrupted recorded data in PACE • a radiologic exam of the chest up to 3 days before or 2 days after the day of diagnosis. These are marked in insurance files by CPT-4 codes 71010 (single view, frontal), 71015 (stereo, frontal), and 71021 (two views, frontal and lateral) as well as ICD-9 87.44 (routine chest X-ray, so described, including X-ray of chest not otherwise specified) • a dispensing from 3 days before to 3 days after the day of diagnosis of single antibiotics indicated or used for CAP. We began with a broad list of all systemically absorbed antibiotics, but restricted analysis to those given to at least 5% of the CAP patients. The few individuals who received multiple antibiotics were not included in the analysis. Individuals who qualified for selection on multiple occasions were retained only the first time they qualified for inclusion in the study. The date of initiation of antibiotic treatment was taken as Day 0. Persons meeting all of the just-outlined criteria were excluded from further study if they had:
• an insurance claim during the 270 days prior to Day 0 bearing ICD-9 code 042.x (human immunodeficiency virus infection) • any dispensing in the preceding 3 months of insulin, or any of the antibiotics used to define treatment groups (as outlined previously) • a discharge from an inpatient hospital stay with any diagnosis on Day −90 through Day 0 • an ICD-9 code on Day −30 through 
Results
There were 30,291 cases of apparent CAP. From these, to identify uncomplicated cases as explained in the earlier section "Study subjects," we serially excluded: 989 patients with less than 270 days of baseline information, 13 with human immunodeficiency virus, 15,447 with recent antibiotic use, and 8611 with codes indicating a viral pneumonia or pneumonia due to an agent other than S. pneumoniae. This left 5231 that met the screening criteria for uncomplicated CAP. The antibiotics used by at least 5% of the uncomplicated cases were: azithromycin (28%), levofloxacin (27%), clarithromycin (7%), moxifloxacin (6%), and amoxicillin (5%). Agents not included, but with prevalence of use greater than 1% were: amoxicillin/clavulanate (4%), gatifloxacin (3%), ciprofloxacin (3%), cefuroxime (3%), doxycycline (3%), cephalexin (2%), sulfamethoxazole/trimethoprim (2%), and erythromycin (1%). Table 1 shows the prevalence of demographic characteristics and the 25 most commonly noted baseline diagnoses by drug. Consistent with expectations for PACE recipients with pneumonia, this was an elderly population (mean age 82 years) of mostly women (80%). Despite the substantial filter for good health imposed by removing individuals with hospitalizations in the preceding 90 days, the population had high prevalence of previous respiratory and cardiac disease, as a well as a wide range of other chronic ailments. The antibiotic levofloxacin showed the highest prevalence of all common categories of respiratory conditions in the baseline 270 days. These included: respiratory and chest symptoms, pneumonia, and chronic obstructive pulmonary disease. Although receipt of isoniazid or pyrazinamide was not an exclusion criterion, none of the patients counted in Table 1 had received either of these drugs in the preceding 270 days. of 0.3 to 0.7. The high proportions in the specified range for the first pair listed indicate that azithromycin and levofloxacin were given to the most similar groups of patients, while those in the last pair (amoxicillin and moxifloxacin) were given to the least similar groups. Figure 1 shows smoothed preference score distributions for a similar pair of treatment alternatives (azithromycin and levofloxacin) and a dissimilar pair (clarithromycin and moxifloxacin). Table 3 presents the risk of presumed treatment failure between pairs of drugs with substantially similar usage, defined as having at least half the dispensings of both agents administered to patients who themselves were within a preference range of 0.3 to 0.7. Crude and preference score-adjusted effect estimates are very similar, and point to a lower risk of treatment failure in users of levofloxacin compared with each of the other drugs.
Case study 2: heart failure
The American College of Cardiology, the American Heart Association, and the International Society for Heart and Lung Transplantation have provided guidelines calling for use of beta-blockers in patients with heart failure and depressed left-ventricular systolic function. 6 The guidelines identify three beta-blockers that have been shown to improve survival: bisoprolol, sustained-release metoprolol, and carvedilol. Other beta-blockers have either not been tested or failed to improve survival in randomized trials. There has been only one large-scale trial comparing different beta-blockers, but it failed to use maximal doses for both agents. 7 Recent observational studies suggest no significant difference between sustained-release metoprolol and carvedilol or between "evidenced-based beta-blockers" (carvedilol, metoprolol succinate, and bisoprolol fumarate) and others among persons with established heart failure and a recent hospitalization. 8, 9 This screening exercise aimed to identify all commonly used beta-blockers in the setting of apparently new-onset heart failure and to compare them for preliminary evidence of disparities in outcome, doing this in a way that would be readily replicable in other populations.
Methods
Study subjects PACE recipients were included in this analysis if they had all three of the following findings in their insurance files within a 28-day period:
• a dispensing of any of the following orally administered beta-blockers: acebutolol, atenolol, metoprolol tartrate, metoprolol succinate, carvedilol, bisoprolol, propranolol, sotalol, labetalol, pindolol, nadolol, timolol, or nebivolol • an outpatient physician visit or principal hospital discharge diagnosis bearing the first instance in the patient record of ICD-9 code for heart failure (428) other than pure diastolic failure (428.3), following at least 365 days of uninterrupted recorded data in PACE • evidence that ejection fraction was measured, as attested by the performance of echocardiography, gated single photon emission computed tomography myocardial perfusion imaging, multi-gated acquisition scan, contrast left ventriculography, cardiac magnetic resonance imaging, or fast scan cardiac computed tomography. The date of the last occurring of these three events was taken as Day 0. Persons previously hospitalized and discharged with a diagnosis of heart failure were excluded (heart failure diagnoses were ICD-9 codes 398. 91 
Treatment failure
We identified treatment failure as either hospitalization by Day 60 with a principal discharge diagnosis of heart failure or death from any cause.
Results
There were 5247 cases of new-onset heart failure. The betablockers that comprised at least 5% of the initial prescriptions Table 1 for salient differences). were metoprolol succinate (the extended-release formulation of metoprolol in the USA), metoprolol tartrate, carvedilol, and atenolol. Carvedilol recipients included somewhat fewer women and fewer prior nursing home residents than patients who received the other beta-blockers. Further, fewer carvedilol recipients had had care associated with any of the common diagnoses shown Table 4 , which includes all diagnoses seen in at least 10% of the population. Table 5 , which shows that all the drug pairs met our criterion for comparability, nonetheless confirms the impression that carvedilol usage differed modestly from that of the other agents: all the most distinct drug pairs (those with a lower preference overlap) involved carvedilol. Table 6 presents the risk of presumed treatment failure between patients in the overlapping range of preferences between the two products. Pairs of beta-blockers are ordered in Table 6 as in Table 5 . Metoprolol succinate, the extendedrelease formulation of metoprolol, appears to carry a lower risk of treatment failure than the other three products, and metoprolol tartrate a lower risk than carvedilol.
Discussion
Empirical equipoise is at the heart of this tool for identifying feasible areas for CER. We propose a systematic method for finding pairs of treatments in which identified patient characteristics do not seem to play an important role in determining which patient receives which therapy. If patient characteristics are not determinative, it follows that selection has been driven by administrative factors (such as varying formularies and copayments or institutional treatment guidelines) and physician preferences (whether these are based on empirical evidence or sales persuasion is irrelevant for the present purpose). To the extent that non-patient determinants of therapy are also not determinative of outcome, they can play a role analogous to randomization in forming comparative groups. Randomization and patient-unrelated treatment assignment share the key characteristic of not resulting in any systematic expectation of greater success of one treatment over the other.
An attractive aspect of the comparative analysis of patients with overlapping preference scores is that the balance in the compared populations is a baseline characteristic. If the compared agents have different patterns of effects (not just treatment success but side effects, for example, or even side effects associated with particular patient attributes) the baseline balance in patient attributes gives confidence that known factors do not confound the drug-to-drug comparison.
The suitability for CER of treatments whose assignment appears to be unrelated to patient attributes depends on the balance and nature of unmeasured predictors of treatment choice. Preference, like the propensity score on which it is based, incorporates only those patient attributes that are known in the data system. Factors such as patient preference, patient experience with other medications, and even the patient-physician relationship will affect the choice of medications, particularly of those that require careful surveillance. By definition, we do not directly know about unmeasured predictors, but the clinical setting described measured predictors can be strongly suggestive. In the example presented of CAP treatment in elders who had not been recently hospitalized, the higher prevalence of respiratory illness in the histories of patients who received levofloxacin, rather than azithromycin, suggests that there is a systematic tendency for physicians to prefer levofloxacin in the presence of such a history. The measured predictors pointed to the levofloxacin patients being, if anything, worse off at baseline, and it seems at least plausible that physicians might similarly have preferred levofloxacin to azithromycin in patients with other unmeasured baseline markers of poor prognosis. In the example of initial treatment for heart failure, the somewhat healthier status of the carvedilol recipients militates against residual confounding as the explanation for its apparent inferiority to both formulations of metoprolol. There is little in the summary patient characteristics to suggest a tendency for persons with less severe underlying disease to have received metoprolol succinate than other products, so again an explanation by confounding seems not well supported. In both examples, the distinctions identified in the screening procedure deserve to be the object of more rigorous investigation. Both examples considered here have to do with initial therapy for an acute or evolving condition. For many second-line therapies and for treatments whose implementation is not related to an identifiable clinical episode, the weight of unmeasured determinants of treatment initiation may be too great to derive presumptive equipoise from a similarity in measured characteristics. Finding equipoise in a population means that it may be a suitable venue for unbiased research, but without contextual knowledge it may be difficult to distinguish two scenarios that have different implications for the need of additional CER: (1) equipoise may stem from a belief that treatments are interchangeable, which is widely held despite an absence of supporting evidence; (2) equipoise may exist because it is scientifically well established that treatments are indeed equally effective. Only the former scenario indicates a need for more CER.
Participants in the PACE program are generally female, economically poor, very elderly, and live in Pennsylvania. Would the conclusions of our comparative analyses carry over to young men working in New Mexico? The answer does not lie within the PACE data, but is a matter of scientific generalization. Our speculation is that the individuals whose health events we have assessed here may be different in fundamental ways relevant to drug effectiveness from people who are younger, economically more wealthy, and living in other regions and with differently structured systems of medical care. Accordingly, observational CER needs to be undertaken in many different populations, and the resultsparticularly if they vary -interpreted with care. The goal remains to search out reproducible findings that correspond to generalizable medical facts.
This exercise contrasts with the humorous joke about the inebriated researcher looking for his car keys under a streetlight after a late faculty party. "Did you lose them here?" a colleague asks. "No," comes the reply, "but this is the only spot that I can see anything." To extend the metaphor, what we propose here is a way to map out locations of lights. That comparative research could be done well under a figurative streetlamp (that is, in largely comparable groups) does not mean that it should be done -the addressable issues under the light may be unimportant. However, if we prioritize research according to medical, financial, or societal goals, and as a result find that we would need to undertake non-randomized effectiveness research in the "darkness" of non-comparable groups, we might prefer to take along a flashlight instead: randomization.
The covariates that we included in the preference score calculation were ones that could be derived from insurance claims, but the technique could be applied in any setting in which there is extensive information. If one had an electronic medical record, perhaps supplemented by descriptors of patient lifestyle choices such as smoking, alcohol drinking, or exercise, much more information could have gone into the estimation of whether alternative treatments really were being delivered to substantially similar patients. PACE, the venue for the examples we have explored, consists of a single social stratum of individuals of relatively homogenous age in a single geographic area, with health care claims data generated under a common reimbursement structure. Observational CER studies that include more heterogeneous data may encounter treatment technologies that vary according to location and other determinants of outcome, not all of them well represented in the claims histories or electronic health records. Depending on the source and the time, the data may include fraudulent care, unjustified claims, defective products, and impaired physicians, and may miss addictions or other hidden comorbidities, all to different degrees and possibly differentially associated with the technologies to be compared. Our methods strive to infer equipoise from the comparability of group characteristics in the recipients of different therapy. Social stratification influences who seeks care when, how treatments are delivered, how patients adhere to those treatments, and whether outcomes are even recognized. Observational CER needs to be undertaken in many different populations, and the resultsparticularly if they vary -interpreted with care.
